The estimation of the conceptual distance between patents is a critical issue for Computer-Aided patent portfolio analysis systems, an emerging class of computer tools for supporting R&D analyses and decisions, patent infringement risk evaluation, technology forecasting. The aim of the present work is the introduction of an original algorithm for patent comparison: since typical text analyses are biased by the writer's style, the inventions similarity is here estimated by comparing the components and their hierarchical and functional interactions automatically extracted by means of a custom software tool. The whole procedure is clarified with an exemplary application in the field of electric current circuit breakers.
Introduction
Computer-aided patent portfolio analysis is an emerging topic in the scientific community and attracts interests from several disciplines, since it deals with economical, technical, management, life science issues [1] [2] [3] [4] .
Indeed, computers have been used for patent searches and analyses since the '90s, but most of the applications were limited to statistical computations by means of bibliometric methods. Indeed, these techniques are still adopted as a relevant source of information [5] . This is mainly due to a heritage of traditional practices when statistical techniques were adopted to examine the effect of technology development in economic, national and international contexts or to plan a corporate technology activity at a corporate level [2] .
The introduction of text-mining algorithms has created new opportunities for identifying complex relationship among patent documents. Besides, up to now, the researchers in this field have dedicated major attention to Information Extraction purposes in order to capture relevant information from patents, while still limited studies exist about patent comparison and trend extraction, except applications of general purpose clustering algorithms [6] .
Nowadays, computer-based systems for patent analysis are assuming more and more specialistic roles and will cover soon a wider range of application areas like:
-generation of new research directions for biomedical studies [1] ; -comparison of the morphology portfolio of different technologies [2] ; -evaluation of the R&D landscape and business opportunities [3] ; -evaluation of the risk of patent infringement [4] . All the above mentioned activities require the estimation of the conceptual distance between patents, but all the approaches proposed so far are based on keywords comparisons (e.g. co-occurrences of terms and/or multi-words), while the nature of patent contents is poorly taken into account. An even more critical issue is the dependence of these techniques to the language style of the writer; as a result, very often it happens that patents of the same inventor or company are clustered together despite their different contents, while conceptually close inventions are considered distant from each other just because they adopt a different terminology.
In the present paper the authors, also thanks to previous experiences in the field of plagiarism detection, propose a novel technique for assessing patent similarity as a means for avoiding the impact of the language style on patent comparison.
In the next chapter we report a brief survey of plagiarism detection techniques; then the third section describes the proposed algorithm also resuming some previous works relevant for the present application. Then an exemplary application of the proposed similarity metric is shown, by comparing the results of the automatic analyses performed by means of a prototype software to the results obtained by humans in the field of electrical circuit interruption devices. Finally, in chapter five, the discussion is focused on the capabilities and the sore points of the proposed technique.
State of the art techniques for plagiarism detection
Plagiarism is a growing problem and has recently received a lot of attention. The increase in availability of material in digital form has made plagiarism much easier.
However, the use of digital media also means that there are greater opportunities to trace plagiarism by means of dedicated software tools. Automated plagiarism detection as a subject has not yet achieved the same degree of scientific maturity as other subjects in the Text-Mining field, but a growing number of publications [7] , websites and recently available products on this matter [8, 9] indicates that both the scientific and the industrial communities have started to recognize and acknowledge the existence of a recent problem which is yet awaiting its systematic solution [10] .
There are several approaches to automatically identify plagiarism in different types of documents. The SCAM tool developed by Shivakumar [11] is based on building unions of word sets and counting domain-specific keywords in them. Plagiarism is then revealed via unexpected or otherwise suspicious occurrences of such keywords.
In some works, plagiarism detection has been regarded as a special case of duplicate document detection, which is both a necessary and difficult task in the management of large scale and very large scale databases (possibly multi-media databases). A variety of data mining methods and text-based techniques for such purposes have been proposed and investigated [12] .
Comparing whole document checksums is simple and suffices for reliably detecting exact copies; however, detecting partial copies is subtler; in some works, for example in [13] , an approach based on multiple fingerprints evaluation is used to detect partial copies. These techniques mostly rely on the use of k-grams, i.e. contiguous sub-strings of characters with length k. The process requires to divide a document into k-grams, and extract a hash value from each one [14, 15] . The result of this process is a fingerprint that represents the document in each of its sub-parts of length k, further exploited for comparison. Such a procedure, however, does not take into account the behavioral pattern of the plagiarist. In [16] , the edit distance is introduced as a similarity metric between chunks of text.
In [17] an hypothetical behavioral pattern of the plagiarist is taken into account. The authors hypothesize that the behavior of the plagiarist consists in the repetition of three prototypical actions: insertion, deletion and substitution. This actions can be performed at any level of the document structure, phrase, paragraph or chapter. Distance between documents is then evaluated recursively exploiting the Levensthein edit distance [18] .
All this approaches take into account plagiarism as an operation on text to be considered a mere sequence of characters, with no attempt to capture the likely semantic nature of plagiarism.
The main limit of plagiarism detection algorithms, as a means for identifying similar inventions and patent infringements, is their focus on the language of the description instead of the structure of the invention. Still some lessons learned can be readapted to the specific situation.
In facts, an acknowledged measure of similarity is expressed in the form where keywords ij is the number of occurrences of keywords of the document i found in the document j and keywords i is the overall number of keywords extracted from the document i.
An exemplary attempt to reuse in a novel form such a typical plagiarism assessment metric is proposed in [4] , where the authors measure patent similarity by comparing the number of shared SAO triples (Subject Action Object), instead of the keywords alone. The main advantage of the SAO-based approach is that patents are compared in terms of functions delivered by the elements of the invention and general terms are filtered out.
Nevertheless, we observe that while taking into account syntactical information this comparison is still too dependent on the mere text and, as such, it depends more on the writer's style than on the actual 'semantics' of the described invention.
In this paper we propose an alternative approach which is not based on text comparison but on the comparison of the structural and functional architecture of the invention disclosed in a patent.
A new approach to measure patent similarity
As discussed above, the main limit of the traditional techniques for estimating the conceptual distance between two patents is the dependence on the language style of the inventor.
In order to clarify this concept let's consider the following excerpts: -US4,713,635: "For example, the barrier portion or insert 107 includes a rib or tongue 109 that is aligned with rib or tongue portions 111, 113, and 115." -US4,056,798: "One end of the cradle 48 forms a tongue member 50 which is releasably secured within an apertured latch 52 of the trip mechanism 42.
[…] This deflection causes the bimetal element to engage a hookshaped projection 66 of the latch 52, pulling the latch 52 to the right and causing the tongue 50 of the cradle 48 to be disengaged from the latch 52." In both patents, a tongue member is a feature of the disclosed invention and can be considered as a subsystem of a further element of the invention (the barrier portion 107 and the cradle 48 respectively). The property of being a subsystem is expressed by means of totally different locutions: <component i> "includes" <component j> and <component i> "of the" <component j>. It is worth to notice that the adoption of a SAO-based comparison criterion does not allow to identify this kind of similarity, whatever is the richness and quality of its synonyms list. Similar remarks can be applied also to functional and positional interactions.
In the present paper the authors suggest to evaluate the similarity between two patents by comparing their functional tree [19] , i.e. the hierarchical architecture of the invention's components and their functional interactions. In facts, working with the functional tree allows to identify conceptual similarities like the example presented above and to limit the influence of the language style. Moreover, the algorithm described hereafter allows to focus the comparison on a subset of components and/or interactions according to the peculiarity score proposed in [20] .
Previous works: automatic functional analysis of patents and extraction of invention peculiarities
The authors are working on the development of new techniques and algorithms for patent analysis and comparison [19] [20] [21] [22] [23] . As a result of these previous experiences a prototype software system (named PatAnalyzer) has been developed with the following functionalities: -identify the components of the invention; -classify the identified components in terms of detail/abstraction level and their compositional relationships in terms of supersystem/subsystem links; -identify positional and functional interactions between the components both internal and external to the system; -build a thesaurus of "alternative denominations" of the functional elements identified in a given set of patents (hereafter called project); -identify the most relevant components of each patent for a given project according to a ranking criterion which combines the detail level of the description with the Inverse Document Frequency, i.e. the "rarity" of each synset of the Thesaurus.
In Figure 1 the exemplary results related to the patent US6,064,024 are shown: the conceptual map visualizes the components of the inventions, their hierarchical and functional interactions, as well as their relevance score by means of a color code.
It is worth to notice that the score assigned to the components of each invention allows to select a subset of sentences from the description and the claims of the patent where the top-ranked components are mentioned. In [20] it was demonstrated that such a subset of sentences is sufficient for a "person skilled in the art" for understanding what the core of the patent is about.
In this paper, the top-ranked components and their hierarchical and functional relationships are adopted as a means to compare the inventions of a given project in order to estimate their similarity, as described in the following paragraph.
Comparing the functional tree of two inventions
In this work it is assumed that two technical systems belonging to the same field of application, sharing the same components, structured with the same architecture and characterized by the same functional interactions are conceptually identical. As a consequence, the similarity between two patents is estimated by comparing their components, hierarchical relationships and functions. Such a comparison is made also taking into account the alternative denominations of each component, by means of the Thesaurus built according to the rules defined in [20] . More precisely, while comparing the functional trees of two inventions, two nodes are considered equivalent if they belong to the same synset in the Thesaurus of the project.
Then the following formula is applied:
where Γ(i) is the set of hierarchical and functional interactions belonging to the ith patent; stands for the hierarchical and functional interactions of the i-th patent appearing also in the functional tree of the j-th patent; C(i) is the list of components belonging to the i-th patent; α and β are coefficients to weight the mutual relevance of interactions and components.
It is worth to note that the formula (2) can be applied to the whole set of components and interactions extracted from each patent or to a subset of topscored components and their interactions. Thus, three parameters must be arbitrarily set to evaluate the similarity between two patents: α, β and γ, where the latter represents the threshold score for components selection (γ = 0 means that the whole hierarchical/functional tree is considered to estimate the patent similarity, while γ = 1 means that only the component with the highest score and its interactions are taken into account).
Whatever is the value assumed by α, β and γ, the similarity matrix of a given project, built in analogy of the incidence matrix proposed in [24] , is a symmetric square matrix N × N (N being the number of documents analyzed in the project) constituted by the similarities of each patents' pair. In other words each cell (i, j) contains the estimated similarity among the i-th and the j-th patent.
The rules to define the most suitable values for α, β and γ are still under validation; nevertheless some general directions have already been developed and are briefly discussed in section 5.
Exemplary application: electrical circuit interruption devices
In order to clarify the procedure described in section 3.2 and to demonstrate its capabilities this chapter reports an exemplary application in the field of electrical circuit interruption devices.
On the base of a previous experience with ABB SACE (www.abb.com), an evolutionary analysis of electrical circuit breakers has been made at the MTI Lab of the University of Florence. A set of 85 patents (ABB project) was selected as a combination of two citation trees, i.e. the patents cited from US6,064,024 and US6,373,016 following backward citations up to three levels from the source patent. Figure 2 shows a portion of the citation tree related to the former patent: each arrow represents a backward citation.
In order to perform such an evolutionary analysis each patent has been analyzed by a technician and a summary has been extracted in the form ProblemSolution ( figure 2, close up) . In other words, the citation trees have been manually translated into a Problem-Solution tree which can be used with similar purposes of the OTSM-TRIZ Problem Flow Network proposed in [25] .
US6064024 (2000)
Problem: The disadvantage of using permanent magnets is that the contactor is polarized in that arc current flowing in only one direction produces a Lorentz force in a direction that drives the arc into the extinguishing chamber. The Lorentz force produced by arc current in the opposite direction inhibits the arc from moving toward and into the second extinguishing chamber. Solution: a rotating permanent magnet is employed to enhance the forces that drive the arc towards the extinguishing mechanism.
US4424428 (1984)
Problem: The use of permanent magnets for improving breaking capacity is limited by the risk of demagnetization due to arc blow-out. Solution: The permanent magnet is housed inside the fixed contact and is thermally and electrically isolated from it by an insulating layer The details of this evolutionary analysis are outside the scopes of the present paper and will be presented in a next publication. Besides, such an extensive analysis carefully operated by humans constitutes a valuable resource to validate the proposed similarity score.
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As an exemplary demonstration the following patents have revealed relevant matched features: US6,064,024, US5,763,847, US5,130,504, US4,424,428. Indeed all those inventions are characterized by the adoption of a permanent magnet aimed at the deviation and elongation of the electric arc (see also figure 2 A selection of the paragraphs containing the components and interactions contributing to the similarity score (in this case "permanent magnet" and related denominations like "interior magnet", figure 3) has been judged sufficient for a person skilled in the art to understand the role of the component and to assess the originality of the solution.
Discussion and conclusions
The technique proposed in this paper defines the similarity of two patents as the match in terms of functional structure of the inventions, instead of the traditional frequency of keywords co-occurrences. By doing so, patents are grouped into more appropriate conceptual classes and more intrinsically homogeneous clusters can be produced. As explained before, keywords co-occurrence analysis deals with the patents as a whole and considers only the frequency of co-citations. Thus, the result of grouping may be superficial or even spurious since those statistics would not reveal the internal structural relationships between patents.
Besides the proposed algorithm allows to find analogies between inventions described with totally different locutions, while general poorly informative elements (according to a ranking which depends on the specific project and not to a general terminology classification) are neglected.
An open issue is the definition of the rules to assign a proper value to the weights α (interactions), β (components) and the threshold γ. According to the analyses performed so far, the components part of the formula (2) can lead to wrong estimations of the similarity when dealing with a patent having a reduced number of components: in these cases the similarity score is zero when the relevance score of the components is low, since there are no opportunities for matching other patents. Vice versa, if the relevance score of the components of an invention characterized by a reduced number of elements is high, the patent will result highly similar with many patents of the project. Besides, the similarity between patents with a reduced number of components is more suitably assessed by the interactions part of the formula (2) . Inversely, in case of inventions with a high number of components described in the patent, also the components part of (2) significantly contributes to the similarity assessment.
A further emerging note is that the contribution of the interactions to the overall similarity score inversely depends on the value assigned to γ, i.e. the relevance/peculiarity threshold defining the number of components to be considered from each patent in order to perform the comparison. In other words, hierarchical and functional interactions between components provide relevant contributions for similarity assessment if a wider portion of the functional tree is considered for each patent under evaluation, while in a selection limited to the topscore elements from each patent the similarity is mostly evaluated in terms of components.
